Geostationary Ocean Color Imager (GOCI) observations are applied to marine fog (MF) detection in combination with Himawari-8 data based on the decision tree (DT) approach. Training and validation of the DT algorithm were conducted using match-ups between satellite observations and in situ visibility data for three Korean islands. Training using different sets of two satellite variables for fog and nonfog in 2016 finally results in an optimal algorithm that primarily uses the GOCI 412-nm Rayleigh-corrected reflectance (R rc ) and its spatial variability index. The algorithm suitably reflects the optical properties of fog by adopting lower R rc and spatial variability levels, which results in a clear distinction from clouds. Then, cloud removal and fog edge detection in combination with Himawari-8 data enhance the performance of the algorithm, increasing the hit rate (HR) of 0.66 to 1.00 and slightly decreasing the false alarm rate (FAR) of 0.33 to 0.31 for the cloudless samples among the 2017 validation cases. Further evaluation of Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation data reveals the reliability of the GOCI MF algorithm under optically complex atmospheric conditions for classifying marine fog. Currently, the high-resolution (500 m) GOCI MF product is provided to decision-makers in governments and the public sector, which is beneficial to marine traffic management.
Introduction
Fog is a type of cloud whose base is at the Earth's surface. Small water droplets in the atmosphere near the surface reduce visibility and significantly affect human activities. According to international definitions, fog occurs when the visibility is less than 1 km [1] . Marine fog (MF) is one of the most dangerous weather hazards that threaten coastal and marine human activities. It impedes ship navigation due to the low visibility, and affects inland traffic systems by intruding onto land. Approximately 32% of all ship traffic accidents at sea occur in the presence of dense MF [2] . MF also severely limits visibility in aviation. Advection fog often affects airports along coastlines across the U.S., Europe, Asia, etc. Both wide-area and focused surveillance of MF are necessary for timely warnings to the public and decision-makers to lessen the damage due to marine and air traffic accidents.
Whereas land fog has a relatively dense observational network via visibility meters at most meteorological stations, MF observations are distinctly sparse. Ship observations focus primarily on ocean physical properties, such as sea surface temperature, temperature profile, salinity, etc. Due to the absence of regular visibility observations over the ocean, the remote sensing of MF is the best method. Often, coastal points (ports, bridges, etc.) along complex coastlines require MF monitoring. In South
The GOCI is one of the payloads of the first Korean geostationary satellite, COMS, which was launched in June 2010. The GOCI has six narrow-width visible (412, 443, 490, 555, 660 and 680 nm) and near-infrared (745 and 865 nm) bands to observe short-term and long-term changes in the coastal ocean environment for marine science research and application purposes [19] [20] [21] . The spatial resolution of the GOCI is approximately 500 m, and the range of the target area is approximately 2500 km × 2500 km around the Korean Peninsula (e.g., Figure 1 ). The GOCI provides hourly images eight times (from 00 UTC to 07 UTC) a day. To develop an objective algorithm to determine MF and nonmarine fog regions from GOCI images, this study utilizes the GOCI Rayleigh-corrected reflectance (R rc ), in which the atmospheric scattering effect (including cloud particles and aerosols) remains except for atmospheric molecular scattering. R rc can be computed from the top-of-atmosphere (TOA) radiance (L TOA ) observed at the satellite level as follows:
R rc (λ) = ρ TOA (λ) − ρ r (λ), (2) where ρ TOA is the TOA reflectance, F 0 is the extra-terrestrial solar irradiance, θ s is the solar-zenith angle. The term ρ r is the Rayleigh multiple-scattering reflectance in the absence of aerosols that can be accurately calculated from given solar-sensor geometry, air-pressure and wind speed at sea surface [22] [23] [24] [25] [26] . Based on optical analysis of the various bands, R rc at 412 nm will be used for our algorithm (Section 3.2).
Himawari-8/Advanced Himawari Imager (AHI)
Himawari-8 is the geostationary weather satellite operated by the Japan Meteorological Agency since 2015 [27] . A payload called the AHI is a multispectral imager that has 16 channels (0.47, 0.51, 0.64, 0.86, 1.6, 2.3, 3.9, 6.2, 6.9, 7.3, 8. 6, 9.6, 10.4, 11.2, 12.4 and 13.3 µm) . The AHI captures visible and infrared images of the Asia-Pacific region and provides full-disk observations every 10 minutes. In this study, we tested various Himawari-8 products, such as cloud top height (CLTH), infrared (10.4 µm) BT and sea surface temperature data, together with the GOCI R rc . Only the CLTH information was used for the proposed algorithm (Section 3.3). Since the spatial resolution of the Himawari-8 CLTH is 5 km, bilinear interpolation was performed to match Himawari-8 pixel values to GOCI pixels with a resolution of 500 m.
Automated Synoptic Observing System (ASOS) of the Korean Meteorological Administration (KMA)
This study uses visibility observations at the synoptic weather stations operated by the KMA. To confirm MF and nonmarine fog regions, we use the visibility observations at three islands: Baengnyeong (BN), Heuksan (HS) and Ulreung (UR), as shown in Figure 2 . The visibility in meters is the maximum distance that a predefined object can be clearly discerned on the surface. If the visibility Remote Sens. 2020, 12, 149 4 of 17 differs depending on the direction, the minimum value is selected. In ASOS, the visibility is measured with optical visibility sensors produced by the Belfort Instrument (6550), or Biral (VPF-730) companies. The optical visibility sensor transmits and receives a laser beam to calculate the visibility by using the principle that the degrees of light scattering and absorption are attenuated by particles in the air [28] [29] [30] . 
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Automated Synoptic Observing System (ASOS) of the Korean Meteorological Administration (KMA)
This study uses visibility observations at the synoptic weather stations operated by the KMA. To confirm MF and nonmarine fog regions, we use the visibility observations at three islands: Baengnyeong (BN), Heuksan (HS) and Ulreung (UR), as shown in Figure 2 . The visibility in meters is the maximum distance that a predefined object can be clearly discerned on the surface. If the visibility differs depending on the direction, the minimum value is selected. In ASOS, the visibility is measured with optical visibility sensors produced by the Belfort Instrument (6550), or Biral (VPF-730) companies. The optical visibility sensor transmits and receives a laser beam to calculate the visibility by using the principle that the degrees of light scattering and absorption are attenuated by particles in the air [28] [29] [30] . Similarly, the nonmarine fog samples are obtained. After selecting cloud and cloud-free cases through visual interpretation of GOCI RGB images, we chose cases where the visibility at three specific weather stations was greater than 1 km. By applying the Himawari-8 CLTH, we collected clear-sky, low-level cloud (CLTH < 3 km), mid-level cloud (3 km < CLTH ≤ 7 km) and high-level 
The Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO)
The Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) instrument onboard the CALIPSO satellite was used for algorithm validation. The CALIOP with 532 nm and 1064 nm bands has been the primary instrument for performing global profiling of the aerosols and clouds in the troposphere and lower stratosphere since 2006 [31] . It combines an active lidar instrument with passive infrared and visible imagers to investigate three-dimensional structures of cloud particles and aerosols (https://www-calipso.larc.nasa.gov/). CALIOP footprints are produced every 335 m with a diameter of~70 m. We use CALIOP level 2 Vertical Feature Mask (VFM) data. The VFM provides information on the locations and types of clouds and aerosols over wide ocean areas where in situ visibility observations are unavailable. 
Methodology and Model Development Procedure

Decision Tree (DT)
The MF detection algorithm in this study was developed using the DT method, a type of machine learning algorithm [32] . The DT has been applied to the development of remote sensing algorithms [16] [17] [18] 33, 34] . The application of the DT allows a physical interpretation of the logical relationship between input variables and the final remote sensing algorithm product, since it visualizes the classification rules in a treelike structure [17] . In this study, the 'rpart' package of R, which is one of the DT packages, was used. The 'rpart' package is based on the classification and regression tree (CART) [35] algorithm. The CART is a binary DT that is constructed by a splitting a node into two child nodes repeatedly using the Gini index. The CART approach makes the tree sufficiently large until there are no new divisions to improve performance. Next, the predictive ability of the final tree is enhanced through the pruning process.
Satellite-Weather Station Match-Up Data for Training and Validation
The development of machine learning-based remote sensing algorithms requires the construction of match-up data between satellite and in situ observations of MF and nonmarine fog samples. The first procedure is to collect GOCI images based on visual analysis by a satellite analysis expert. For the MF samples, we selected approximately 30 fog candidate GOCI images, and four examples are shown in Figure 1 . In the RGB images of 28 March 2016 ( Figure 1a ), MF with a distinct white color and smooth texture occurs along the northern part of the Yellow Sea and the East Sea (Sea of Japan) without notable clouds above. On 16 April 2016 ( Figure 1b ), MF spreads more widely across the Yellow Sea and the East Sea. However, a narrow band of higher clouds passes over the fog across the Yellow Sea. A heart-shaped fog region is located to the east of the Shandong Peninsula on 29 May 2017 ( Figure 1c ). On 13 July 2017 ( Figure 1d ), fog across the Yellow Sea is mixed with clouds, revealing a rough texture to the south.
Using many fog candidate GOCI images, the second step is to confirm satellite MF pixels using the KMA visibility data from the islands of BN, HS and UR ( Figure 2 ). If the visibility is less than 1 km, pixels within a 2 km radius of the station were confirmed as MF samples. Because approximately 50 GOCI pixels are included in the 2-km radius circle, a radius of less than 2 km results in a sample size that is too small for training /validation. In this step, through the homogeneous test, we excluded fog boundary areas, i.e., cases in which fog and nonfog regions coexist.
Similarly, the nonmarine fog samples are obtained. After selecting cloud and cloud-free cases through visual interpretation of GOCI RGB images, we chose cases where the visibility at three specific weather stations was greater than 1 km. By applying the Himawari-8 CLTH, we collected clear-sky, low-level cloud (CLTH < 3 km), mid-level cloud (3 km < CLTH ≤ 7 km) and high-level cloud (CLTH ≥ 7 km) samples. Lastly, the GOCI pixels within a 2-km radius with a visibility > 1 km at the KMA Remote Sens. 2020, 12, 149 6 of 17 stations were defined as nonmarine fog samples. Table 1 shows the dates and times of the confirmed MF cases that will be used for training and validation. 2017   3  5  5  102  4  6  0  102  4  6  1  102  4  6  7  115  4  15  0  102  4  25  0  102  5  25  0  115  5  29  0  102  5  29  1  102  5  31  6  169  5  31  8  169  7  11  0  102  7  13  0  102  7  13  0  169  7 14 0 102
Note that the samples were basically obtained through the abovementioned match-up process with the KMA data. However, our earlier DT training results showed that the algorithm was not effective in detecting thin fog (results not shown in this article). The exclusion of fog boundary areas from the MF samples may have resulted in the inclusion of thicker fog but not thinner fog. It is necessary to include fog systems with a range of thicknesses to improve the versatility of the developed algorithm for a range of applications. Accordingly, additional thin fog samples were added based on visual RGB image analysis results, which are included with longitude and latitude information in Table 1 . Table 2 summarizes the numbers of final MF and nonfog samples, and the 2016 and 2017 samples were used as training and validation data, respectively. A total of 12,743 (2873) pixels, 4868 (1281) Remote Sens. 2020, 12, 149 7 of 17 fog and 7875 (1592) nonfog pixels, were used for training (validation). In this study, validation was conducted in two different ways using the in situ visibility and the CALIPSO data. First, basic validation was conducted using the 2017 sample dataset, as summarized in Table 2 , and the hit rate (HR), false alarm rate (FAR), miss rate (MR) and negative hit rate (NHR) of the developed algorithm are presented. Here, the HR (NHR) is the ratio of correctly detected MF (nonmarine fog) to the actual MF (nonmarine fog). FAR (MR) is the ratio of incorrectly detected MF (nonmarine fog) to the actual nonmarine fog (MF). In addition to using the validation samples (2017) in Table 2 , further near-real-time evaluation is also performed using in situ visibility observations and CALIPSO data (Section 5.2) Table 2 . The number of marine fog and nonmarine fog samples obtained through the match-up process between satellite and in situ data. Each number represents the number of pixels corresponding to marine fog or nonmarine fog. The 2016 and 2017 data were used as training and validation data, respectively, for the marine fog detection algorithm. 
Marine fog Classification Data Training Validation
Satellite Input Variables for the MF Algorithm
Using the GOCI and Himawari-8 data, we investigate satellite variables and indices to characterize the optical and textural properties of MF for their classification from other cloudy or clear pixels. As mentioned in Section 1, the BT of the IR channel, DCD and reflectance of the visible channel are representative variables for fog detection, and they were all considered candidate input variables.
The GOCI band 1 Rrc is selected as the primary input to classify fog from clouds. Generally, as shown in Figure 3a , the Rrc values for fog are higher than those for clear sky, but lower than those for high-level clouds. As shown in Figure 4 , we investigate the distribution of Rrc of all GOCI bands for fog versus nonmarine fog (mid-and high-level clouds). For all bands, the Rrc for the fog pixels tends to have a narrow distribution, and their peak increases from 0.3 to 0.6 as the band number increases from 1 to 8. Clouds, on the other hand, have a much broader distribution due to their various thickness features. The Rrc median values for each GOCI band are listed in Table 3 . The difference between fog (0.36) and clouds (0.44) is the largest for band 1 among all bands, which motivated us to use the Rrc of band 1. Nonmarine fog (2017) 1592
Total number 12,743 2873
The GOCI band 1 Rrc is selected as the primary input to classify fog from clouds. Generally, as shown in Figure 3a , the Rrc values for fog are higher than those for clear sky, but lower than those for high-level clouds. As shown in Figure 4 , we investigate the distribution of Rrc of all GOCI bands for fog versus nonmarine fog (mid-and high-level clouds). For all bands, the Rrc for the fog pixels tends to have a narrow distribution, and their peak increases from 0.3 to 0.6 as the band number increases from 1 to 8. Clouds, on the other hand, have a much broader distribution due to their various thickness features. The Rrc median values for each GOCI band are listed in Table 3 . The difference between fog (0.36) and clouds (0.44) is the largest for band 1 among all bands, which motivated us to use the Rrc of band 1. as the sea surface temperature. As shown in Figure 5 , the IR BT for MF cases has much larger seasonal variations than the GOCI Rrc and NLSD, which implies difficulties in setting fixed thresholds for the IR BT in classifying fog without proper correction of the sea surface temperature. For this reason, we use the GOCI visible and Himawari-8 CLTH data due to their lower sensitivity to environmental changes. Using the CLTH remains insufficient for MF classification from low clouds (yellow box, Figure  3c ) with similar cloud top heights as those of fog (red box, Figure 3c ). Therefore, a pattern index of the GOCI Rrc is defined to improve the distinction between MF and low clouds. Homogeneity is useful information, because fog and clouds have different roughness patterns in satellite images. The top surface of MF is relatively flat under stable atmospheric conditions, whereas that of clouds is uneven due to alternating upward and downward motions [36] . However, it is reasonable that due to thin or low-level clouds, only using R rc is not enough to properly distinguish MF from the various types of clouds. To improve the cloud removal procedure, additional inputs for the algorithm include the spatial variability index of R rc and the Himawari-8 CLTH information. The CLTH is very useful for removing clouds that are higher than fog. As shown in Figure 3c , high clouds (green box) can be easily distinguished from fog (red box) using the CLTH.
We first considered the Himawari-8 IR BT data as input data for our MF algorithm due to their relationship with cloud height information by measuring the cloud top temperature. However, the IR BT has a disadvantage because it is highly sensitive to changes in the surface environment, such as the sea surface temperature. As shown in Figure 5 , the IR BT for MF cases has much larger seasonal variations than the GOCI R rc and NLSD, which implies difficulties in setting fixed thresholds for the IR BT in classifying fog without proper correction of the sea surface temperature. For this reason, we use the GOCI visible and Himawari-8 CLTH data due to their lower sensitivity to environmental changes.
Using the CLTH remains insufficient for MF classification from low clouds (yellow box, Figure 3c ) with similar cloud top heights as those of fog (red box, Figure 3c ). Therefore, a pattern index of the GOCI R rc is defined to improve the distinction between MF and low clouds. Homogeneity is useful information, because fog and clouds have different roughness patterns in satellite images. The top surface of MF is relatively flat under stable atmospheric conditions, whereas that of clouds is uneven due to alternating upward and downward motions [36] .
As a spatial pattern index, the normalized local standard deviation (NLSD) of R rc is calculated with surrounding pixels (9 × 9) using the equation below: Figure 3b shows that the NLSD is an effective index for separating MF from low clouds. The NLSD value for MF (red box) is lower than that for low clouds (yellow box). In this section, the input variables for the MF detection algorithm are determined as the GOCI R rc (band 1), NLSD, and Himawari-8 CLTH. Using the CLTH remains insufficient for MF classification from low clouds (yellow box, Figure  3c ) with similar cloud top heights as those of fog (red box, Figure 3c ). Therefore, a pattern index of the GOCI Rrc is defined to improve the distinction between MF and low clouds. Homogeneity is useful information, because fog and clouds have different roughness patterns in satellite images. The top surface of MF is relatively flat under stable atmospheric conditions, whereas that of clouds is uneven due to alternating upward and downward motions [36] . 
Results
The developed MF detection algorithm ( Figure 6 ) is designed to conduct two steps: (i) GOCI MF detection based on the DT approach and (ii) postprocessing for improving cloud removal and fog edge detection using Himawari-8 data, which will be explained in the following two subsections. As a spatial pattern index, the normalized local standard deviation (NLSD) of Rrc is calculated with surrounding pixels (9 × 9) using the equation below: Figure 3b shows that the NLSD is an effective index for separating MF from low clouds. The NLSD value for MF (red box) is lower than that for low clouds (yellow box). In this section, the input variables for the MF detection algorithm are determined as the GOCI Rrc (band 1), NLSD, and Himawari-8 CLTH.
The developed MF detection algorithm ( Figure 6 ) is designed to conduct two steps: (i) GOCI MF detection based on the DT approach and (ii) postprocessing for improving cloud removal and fog edge detection using Himawari-8 data, which will be explained in the following two subsections. 
GOCI MF Detection Algorithm: DT-Trained Results
The GOCI 412-nm Rrc and NLSD indices were used as the primary input variables for the DT algorithm to classify MF ( Figure 6 ). The structure of the trained algorithm through the DT algorithm is presented in Figure 7 . Pixels with Rrc values lower than 0.13 are classified as clear-sky pixels and have a very low Rrc value. In contrast, pixels with Rrc values ≥ 0.46 are identified as clouds, due to 
The GOCI 412-nm R rc and NLSD indices were used as the primary input variables for the DT algorithm to classify MF ( Figure 6 ). The structure of the trained algorithm through the DT algorithm is presented in Figure 7 . Pixels with R rc values lower than 0.13 are classified as clear-sky pixels and have a very low R rc value. In contrast, pixels with R rc values ≥ 0.46 are identified as clouds, due to their large optical thickness. On the other hand, medium-range R rc (0.13 < R rc ≤ 0.46) pixels may include fog and thin clouds. Among these pixels, only pixels with a lower R rc spatial variability (NLSD < 0.39) are classified as MF, which indicates a smoother top surface. As a result of the DT, the first guess of MF pixels is designated as the interim product. The rules of the DT appropriately follow the general understanding of optical properties and fog spatial variability. To expand the first guess of fog area to its edge region, we use the interpolated Himawari-8 CLTH values. For the pixels at the fog edge, the interpolated CLTHs are used to replace any missing values, possibly to account for the small optical thickness and/or effect of the surrounding cloud-free region. That is, the pixels with the reflectance in the fog range, but with higher NLSD values above the fog threshold, are designated as the fog edge area, only for cloud-free or thin cloud cases (e.g., Himawrai-8 CLTH = missing value). As shown at the red circles in Figure 8 , the detected fog area after implementing the cloud removal procedure (Figure 8c ) was properly expanded to its edge region (Figure 8d ), which corresponds well with that in the GOCI RGB images (Figure 8a ). This result confirms the effectiveness of the fog edge detection procedure. The final product of the algorithm is the classification as "0 (nonmarine fog)", "1 (MF)" or "2 (possible fog (under cloud))". In particular, the "2 (possible fog (under cloud))" index indicates that pixels were initially classified as fog based on the GOCI-only DT algorithm, but were finally excluded due to their higher cloud tops in the postprocessing procedure. It is possible that these pixels indicate MF underneath or adjacent to higher clouds. We added this "2 (possibly fog (under cloud))" index to let users know of the possible occurrence of MF because the current remote sensing technology using passive sensors (e.g., GOCI) has an inevitable limitation for fog obscured by clouds above. Here, note that the edge part of MF and clouds exhibits a high spatial variability in R rc (Figure 7) . In the first step, some thinner clouds cannot be properly excluded, which requires a postprocessing step to improve performance.
Postprocessing
Cloud removal improvement and fog edge detection were conducted by using the Himawari-8 CLTH data ( Figure 6 ). Fog is a shallow cloud layer whose top generally has a vertical extent of approximately 1 km [36] . We need to set a CLTH threshold to remove higher stratus clouds (with similar optical properties to those of fog, but different cloud top heights), but the threshold should not be too low to remove possible fog pixels from the first step. Here, pixels with a CLTH larger than 3 km were excluded because they indicated high clouds.
To expand the first guess of fog area to its edge region, we use the interpolated Himawari-8 CLTH values. For the pixels at the fog edge, the interpolated CLTHs are used to replace any missing values, possibly to account for the small optical thickness and/or effect of the surrounding cloud-free region. That is, the pixels with the reflectance in the fog range, but with higher NLSD values above the fog threshold, are designated as the fog edge area, only for cloud-free or thin cloud cases (e.g., Himawrai-8 CLTH = missing value). As shown at the red circles in Figure 8 , the detected fog area after implementing the cloud removal procedure (Figure 8c ) was properly expanded to its edge region (Figure 8d ), which corresponds well with that in the GOCI RGB images (Figure 8a ). This result confirms the effectiveness of the fog edge detection procedure.
The final product of the algorithm is the classification as "0 (nonmarine fog)", "1 (MF)" or "2 (possible fog (under cloud))". In particular, the "2 (possible fog (under cloud))" index indicates that pixels were initially classified as fog based on the GOCI-only DT algorithm, but were finally excluded due to their higher cloud tops in the postprocessing procedure. It is possible that these pixels indicate MF underneath or adjacent to higher clouds. We added this "2 (possibly fog (under cloud))" index to let users know of the possible occurrence of MF because the current remote sensing technology using passive sensors (e.g., GOCI) has an inevitable limitation for fog obscured by clouds above. The final product of the algorithm is the classification as "0 (nonmarine fog)", "1 (MF)" or "2 (possible fog (under cloud))". In particular, the "2 (possible fog (under cloud))" index indicates that pixels were initially classified as fog based on the GOCI-only DT algorithm, but were finally excluded due to their higher cloud tops in the postprocessing procedure. It is possible that these pixels indicate MF underneath or adjacent to higher clouds. We added this "2 (possibly fog (under cloud))" index to let users know of the possible occurrence of MF because the current remote sensing technology using passive sensors (e.g., GOCI) has an inevitable limitation for fog obscured by clouds above. 
Validation
Validation Using the 2017 Samples
Validation of the algorithm was performed in two ways: using all 2017 MF and nonfog samples and using all but the cases with possible high clouds above the fog. In addition, the homogeneity test was applied. That is, among the pixels within a 2-km radius of the corresponding weather stations, the MF algorithm results (0, 1 or 2) that account for more than 90% of the pixels were identified as representative values. Then, the homogeneous GOCI pixels (a total of 2403 pixels, as listed in Table 4 ) were compared with the visibility data of the corresponding stations.
The validation results of the MF detection algorithm prior to and after the postprocessing stage were compared. Among the 869 real fog pixels, the GOCI-only DT algorithm can correctly detect 577 (HR = 0.66) pixels. In contrast, out of the 1529 nonfog pixels, the algorithm misclassified 509 pixels as fog (FAR = 0.33). The HR increased by including undetected edge regions, but the FAR increased as well (not shown). Implementing the cloud removal procedure by considering the Himawari-8 data (Table 4b ) slightly decreased the HR to 0.61, but significantly improved the FAR to 0.21 through the removal of misdetected clouds from the first guess of fog. Accordingly, the postprocessing step increases the overall accuracy from 0.67 to 0.72. Furthermore, by excluding possible high clouds above fog ("2" in Figure 6 ), 534 real MF pixels were properly detected (HR = 1). As the FAR was 0.31, the overall accuracy reached 0.79. Figure 9 shows an example of MF detection, which shows that the FAR is reduced in the postprocessing step. On 11 March 2017, the GOCI DT algorithm shows that MF widely occurred across the northern part of the Yellow Sea (Figure 9b ), and was rather scattered across the southern part of HS. BN remains just outside of the northern fog detection region, which was in good agreement with the visibility observations (3770 m). HS was located in the middle of the southern scattered fog system (Figure 9b ) according to the GOCI-DT-based classification. However, it was changed to "2 (possible cloud)" through postprocessing (Figure 9c) . Thus, the final result (e.g., clouds) near the island of HS corresponds well with the high visibility (20,000 m) observations. In summary, the 2017 validation contingency table and the comparison of several retrieval results in the two steps show that the combined use of GOCI and Himawari-8 data is advantageous to the satellite fog detection performance. Table 4 . Contingency tables for hindcast valid ation (2017) of the developed marine fog detection algorithms: (a) the GOCI-only DT algorithm and (b) after postprocessing.
(a) GOCI-Only DT Algorithm
Validation
Observed
Sum of the forecasts "0" Nonfog "1" Marine fog "0" is nonfog 1020 292 1317 "1" is marine fog 509 577 1086 Forecast "2" is possible fog (under cloud) -- Figure 9 shows an example of MF detection, which shows that the FAR is reduced in the postprocessing step. On 11 March 2017, the GOCI DT algorithm shows that MF widely occurred across the northern part of the Yellow Sea (Figure 9b) , and was rather scattered across the southern part of HS. BN remains just outside of the northern fog detection region, which was in good agreement with the visibility observations (3770 m). HS was located in the middle of the southern scattered fog system (Figure 9b ) according to the GOCI-DT-based classification. However, it was changed to "2 (possible cloud)" through postprocessing (Figure 9c ). Thus, the final result (e.g., clouds) near the island of HS corresponds well with the high visibility (20,000 m) observations. In summary, the 2017 validation contingency table and the comparison of several retrieval results in the two steps show that the combined use of GOCI and Himawari-8 data is advantageous to the satellite fog detection performance. The white and sky-blue areas indicate clear-sky sea and marine fog regions, respectively, and the gray area is the region with clouds or marine fog under clouds. The numbers below the marks are the observed visibility at each station. In addition, the color of the filled circle at the stations is red with a visibility less than 1 km, but green with a visibility greater than 1 km.
Additional Algorithm Validation
Additional validation of independent 2018 MF cases is performed using in situ visibility data and CALIPSO VFM data. The white and sky-blue areas indicate clear-sky sea and marine fog regions, respectively, and the gray area is the region with clouds or marine fog under clouds. The numbers below the marks are the observed visibility at each station. In addition, the color of the filled circle at the stations is red with a visibility less than 1 km, but green with a visibility greater than 1 km.
In Situ Visibility Observation
Additional Algorithm Validation
Additional validation of independent 2018 MF cases is performed using in situ visibility data and CALIPSO VFM data. Figure 10 shows the ability of the developed algorithm to capture the hourly MF variability. The results show that the visibility observations at BN indicate the presence of MF, with visibility = 90 m at 00 UTC (09 LT). However, the visibility increased gradually in the daytime, and finally reached 14,540 m at 07 UTC (13 LT). By assessing the location of the BN island station, we can see that the station is continuously located in the middle of the MF from 00 to 06 UTC, and is not in MF at 07 UTC. In contrast, the visibility at the other two stations, which are beyond the fog threshold, is high. 
In Situ Visibility Observation
CALIPSO
Because of the absolute lack of in situ MF observations, validation using various platforms was required to further confirm the usefulness of the developed MF algorithm. The CALIPSO VFM data resolve the vertical structure of MF, although only a few MF cases are applicable because of the very narrow footprint (~70 m). Figure 11a and Figure 12a show two MF cases where CALIPSO passes over (red lines) the final MF detection area (sky-blue shading) from the GOCI. The vertical cross-sections on Figure 11b and Figure 12b visualize the feature types derived from the CALIPSO backscatter data for each layer. Light blue, gray, orange and black indicate regions of "clear air", "cloud", "aerosol" and "totally attenuated", respectively. Note that the backscatter signal can be completely attenuated by the overlying layers containing atmospheric particles such as aerosols, opaque clouds and/or stratospheric layers. Some regions directly beneath clouds or MF may exhibit "totally attenuated".
On 29 March 2018, our developed algorithm shows that MF widely covered the Yellow Sea of South Korea from west of the island of HS to the island of BN along the B-C line in Figure 11a . Across the East China Sea, cloud pixels are detected in the A-B region, whose vertical structures by CALIPSO are shown in Figure 11b . Clouds (gray shading) are located near the sea level along the B-C line. These low-level clouds touching the surface identified by CALIPSO correspond well with the MF detection results of the developed algorithm, as shown in shadings of Figure 11a and dots of Figure 11b . To the south, CALIPSO observed the lifted high clouds located at approximately 7-10 km, which corresponds well with the "possible fog (under clouds)" region by the GOCI MF 
Because of the absolute lack of in situ MF observations, validation using various platforms was required to further confirm the usefulness of the developed MF algorithm. The CALIPSO VFM data resolve the vertical structure of MF, although only a few MF cases are applicable because of the very narrow footprint (~70 m). Figures 11a and 12a show two MF cases where CALIPSO passes over (red lines) the final MF detection area (sky-blue shading) from the GOCI. The vertical cross-sections on Figures 11b and 12b visualize the feature types derived from the CALIPSO backscatter data for each layer. Light blue, gray, orange and black indicate regions of "clear air", "cloud", "aerosol" and "totally attenuated", respectively. Note that the backscatter signal can be completely attenuated by the overlying layers containing atmospheric particles such as aerosols, opaque clouds and/or stratospheric layers. Some regions directly beneath clouds or MF may exhibit "totally attenuated". 
Summary and Discussion
In this study, a GOCI MF detection algorithm was developed based on the machine learning method for the first time in combination with the Himawari-8 data. The logical relationships and rules between input satellite indices (i.e., GOCI Rrc, NLSD and Himawari CLTH) and the output product (MF "existence", "no-existence" and "possible fog (under cloud)" classifications for each pixel) were determined through the DT algorithm to utilize the optical and spatial properties of MF (Figure 7) . Prior to the development of this algorithm, human subjective decisions based on satellite image analysis procedures (by KIOST KOSC) were required for real-time MF monitoring. The GOCI MF algorithm allows automated fog detection that is available to nonspecialists and is helpful for maritime ship traffic, aviation and coastal ground traffic management. 
In this study, a GOCI MF detection algorithm was developed based on the machine learning method for the first time in combination with the Himawari-8 data. The logical relationships and rules between input satellite indices (i.e., GOCI Rrc, NLSD and Himawari CLTH) and the output product (MF "existence", "no-existence" and "possible fog (under cloud)" classifications for each pixel) were determined through the DT algorithm to utilize the optical and spatial properties of MF (Figure 7) . Prior to the development of this algorithm, human subjective decisions based on satellite image analysis procedures (by KIOST KOSC) were required for real-time MF monitoring. The GOCI MF algorithm allows automated fog detection that is available to nonspecialists and is helpful for maritime ship traffic, aviation and coastal ground traffic management. Figure 11b . To the south, CALIPSO observed the lifted high clouds located at approximately 7-10 km, which corresponds well with the "possible fog (under clouds)" region by the GOCI MF algorithm in the A-B region. However, to the southwest of the island of BN, the GOCI algorithm detected a narrow "possible fog (under clouds)" region, which was confirmed as fog by CALIPSO.
Another comparison of CALIOP overpass and MF results is shown in Figure 12a ,b for 19 July 2018. Additionally, the MF region retrieved from the MF algorithm (Figure 12a ) is consistent with the vertical profile (Figure 12b ). In Figure 12b , the very low altitude of clouds (gray shading) along the B-C line indicates the presence of fog. While only a few cases could be evaluated with CALIPSO, the method using VFM data was very useful to verify MF across a wide area where in situ observations are not available.
In this study, a GOCI MF detection algorithm was developed based on the machine learning method for the first time in combination with the Himawari-8 data. The logical relationships and rules between input satellite indices (i.e., GOCI R rc , NLSD and Himawari CLTH) and the output product (MF "existence", "no-existence" and "possible fog (under cloud)" classifications for each pixel) were determined through the DT algorithm to utilize the optical and spatial properties of MF ( Figure 7 ). Prior to the development of this algorithm, human subjective decisions based on satellite image analysis procedures (by KIOST KOSC) were required for real-time MF monitoring. The GOCI MF algorithm allows automated fog detection that is available to nonspecialists and is helpful for maritime ship traffic, aviation and coastal ground traffic management.
This algorithm is being used to provide near-real-time MF information in the port oceanographic information system of the Korea Hydrographic and Oceanographic Agency (http://www.khoa.go.kr/ pois/popup_seafog.do?lang=en).
In the developed MF algorithm, we were only using visible observations, as the primary input may make our algorithm more stable due to its lower sensitivity to the highly variable environmental conditions ( Figure 5 ). For algorithm development, training (validation) samples were carefully collected through a match-up process between satellite and in situ data (i.e., the KMA station visibility data on the islands of BN, HS and UR). By investigating the optical properties of MF using different satellite variables (Figures 3-5 ), our final algorithm ( Figure 6 ) was designed to use i) the GOCI 412-nm R rc and its spatial variability index as the main input data and ii) the Himawari-8 CLTH (for supplementary use). Finally, a potential MF region as the first guess is determined through the DT-based rules (Section 4.1), and the detection result is further refined in the postprocessing stage with the CLTH data from Himawari-8 (Section 4.2). Postprocessing consists of cloud removal improvement and fog edge detection ( Figure 6 ).
Unlike a previous study [15] , the current GOCI MF algorithm determines thresholds and logical relationships using the machine learning method. Validation using the collected 2017 samples shows a reasonably good performance of the final algorithm (HR = 0.61 and FAR = 0.21). In particular, the combination of GOCI with Himawari-8 data has been used to reduce the FAR (0.33 to 0.21) by improving cloud removal from the first guess of the MF region (Table 4 ). Real-time validation using the KMA stations ( Figure 10 ) and CALIPSO vertical feature type data (Figures 11 and 12) show that the algorithm suitably detects MF and nonmarine fog regions.
When excluding high clouds above MF, the HR (1.0) is particularly high ( Table 4 ), but the FAR (0.31) became relatively high as well. Such a high FAR can be caused by fine dust, sea ice or stratus clouds, which have similar optical and textural properties as MF. Actually, it is particularly difficult to distinguish MF from stratus clouds. In many cases, fog and low stratus clouds are grouped in the same category [8, 14] . It is necessary to remove fine dust or sea ice from the first guess of MF, which will be performed in a future study. Also, the currently trained decision tree is based on observations at three KMA stations in the mid-latitude. Our primary input data (GOCI visible observations) are less dependent on the surface temperature condition; however, we need further investigation if the current MF detection thresholds are applicable to another region.
